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ABSTRACT: Microkinetic models (MKMs) are widely used within the
computational heterogeneous catalysis community to investigate
complex reaction mechanisms, to rationalize experimental trends, and
to accelerate the rational design of novel catalysts. However,
constructing these models requires computationally expensive and
manually tedious density functional theory (DFT) calculations for
identifying transition states for each elementary reaction within the
MKM. To address these challenges, we demonstrate a novel protocol
that uses the open-source kinetics workflow tool Pynta to automate the
iterative training of a reactive machine learning potential (rMLP).
Specifically, using the silver-catalyzed partial oxidation of methanol as a
prototypical example, we first demonstrate our workflow by training an
rMLP to accelerate the parallel calculation of DFT-quality transition states for all 53 reactions, achieving a 7× speedup compared to
a DFT-only strategy. Detailed analysis of our training curriculum reveals the shortcomings of using an adaptive sampling scheme
with a single rMLP model to describe all reactions within the MKM simultaneously. We show that these limitations can be overcome
using a balanced “reaction class” approach that uses multiple rMLP models, each describing a single class of similar transition states.
Finally, we demonstrate that our Pynta-based workflow is also compatible with large pretrained foundational models. For example,
by fine-tuning a top-performing graph neural network potential trained on the OC20 dataset, we observe an impressive 20× speedup
with an 89% success rate in identifying transition states. This work highlights the synergistic potential of integrating automated tools
with machine learning to advance catalysis research.

■ INTRODUCTION
Microkinetic models (MKMs) derived from density functional
theory (DFT) are a powerful tool in the field of heterogeneous
catalysis,1,2 linking DFT-predicted kinetics to experimental
observables such as reactant conversions and product
selectivities.3,4 These models have been successfully leveraged
for optimizing reactor conditions, elucidating rate-determining
steps, and high-throughput catalyst screening.5 However, as
advanced experiments provide more detailed insights into
these complex systems, such as site-specific kinetics6 and the
coupling of surface and gas-phase reactions,7−17 there is a
growing demand for models that can better capture the
complexity of real catalytic processes. Traditional approaches
in the construction of DFT/MKMs are manually intensive and
computationally expensive, limiting their comprehensiveness
and necessitating the use of approximations which reduces
their accuracy.18 Coupling automation with strategies to
reduce computational expense provides a pathway to address
these challenges and accelerate MKM development.
Automated tools such as Reaction Mechanism Generator

(RMG)19−24 facilitate rapid generation of coupled heteroge-
neous and homogeneous MKMs.3,25,26 RMG leverages internal
databases to estimate unknown thermochemistry and kinetic
parameters. However, for surface-mediated reactions, these

databases are sparsely populated and often rely on approx-
imations like Brønsted−Evans−Polanyi (BEP) relationships27

to estimate reaction barriers. These approximations often carry
large errors (e.g., >0.2 eV28) and thus reduce the predictive
capacity of the model. Additionally, BEP relationships do not
provide actual transition state geometries and are typically used
for investigating activity trends across different catalysts.
Obtaining accurate reaction barriers requires DFT calcu-

lations of transition state energies, wherein the most difficult
task is to locate the corresponding first-order saddle point. The
nudged elastic band (NEB) method is commonly used for this,
but it is computationally expensive as it requires optimizing a
series of images along the reaction coordinate.29,30 This
expense often leads to neglecting the possibility of multiple
adsorbate or transition state (TS) structures for a given
reaction, making it difficult to unambiguously identify the
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lowest-energy saddle point. Given the exponential dependence
of the rate coefficient on the DFT-derived barrier height, this
can result in rate coefficients that are orders of magnitude too
high. New approaches are needed to lower computational costs
and avoid approximations which limit the application of
MKMs.18

Machine learning potentials (MLPs) can accelerate the
exploration of the potential energy surface by predicting forces
at a fraction of the DFT cost, with accuracy approaching DFT
when trained on sufficiently large DFT databases.31 Two
promising strategies to speed up saddle-point searches with
MLPs are (1) active learning to create system-specific models
and (2) using large pretrained models. Active learning has
significantly sped up NEB calculations using Behler−Parrinello
neural networks and Gaussian process regression models but
has not yet been applied to large reaction sets needed for
MKMs.32−35 Another approach demonstrated active learning
of a Gaussian approximation potential (GAP)36 model to
accelerate NEB calculations and to run dynamic studies to
bypass the common harmonic approximation. However, GAP
models costs can scale unfavorably with system size, limiting its
use for large reaction networks.37,38

Large DFT datasets like OC2039 have enabled the
development of general and accurate pretrained models.40

Wander et al.41 introduced CatTSunami, a framework which
leverages OC20-trained39 models to accelerate comprehensive
TS exploration using NEBs, achieving impressive speedups
across various surfaces and reaction types. However, the
performance declines for more complex reactions (e.g.,
desorptions versus dissociations and transfer reactions).
Follow-up work demonstrated that using the Hessian-based
optimizer Sella42−44 improves the convergence of transition
states explored with CatTSunami, though some reactions still
pose challenges.45 While promising, pretrained models require
fine-tuning for broader use in systems studied with different
DFT parameters compared to those used in generating the
model’s training dataset. While fine-tuning has been demon-
strated on adsorbates,46,47 this has not yet been demonstrated
for transition state optimization. Larger models also carry
much higher computational cost per inference, which can limit
their application in dynamical studies to directly obtain free
energy barriers beyond the harmonic approximation.36

This work demonstrates an automated framework that can
leverage both smaller models (trained through active learning)
and large pretrained models (via fine-tuning) for accelerating
transition state optimization. Currently, to the best of our
knowledge, there does not exist an automated, general, and
parallelized workflow for training system-specific models for
accelerating transition state searches across the large sets of
reactions required for MKM development. In this work, this
was achieved by integrating Pynta48 (https://github.com/
zadorlab/pynta), an automated kinetics workflow tool for
surface reactions, within a training curriculum for machine
learning potentials based on neural network architectures.
Specifically, we leverage Pynta’s comprehensive transition state
exploration to automatically sample the potential energy
surface along the reaction coordinate regions for several
reactions in parallel. Here, the reaction coordinate region refers
to the configuration space explored by Pynta during our
workflow. This is achieved by generating many transition state
guess structures, their optimization to a first-order saddle point
(via Hessian-based optimization), and confirmation that the
resulting optimized transition states connect the intended

reactants and the products (via intrinsic reaction coordinate
optimization). We apply commonly used ensemble-based
techniques49 to quantify model uncertainty, facilitating
sampling of a set of the Pynta-generated configurations to
iteratively construct a DFT dataset for training an rMLP. Tools
for automatically determining valid transition states and
generating the thermochemical and kinetic databases for
updating RMG are now provided within the Pynta workflow.
The effectiveness of this Pynta-based workflow is demon-

strated on a diverse set of 53 reactions (Table S1) described by
Aljama et al.28 to generate an MKM for Ag-catalyzed methanol
oxidation, an important industrial process for producing the
commodity chemical formaldehyde.50−52 We demonstrate a
total model approach whereby we train a single model
simultaneously on this set of 53 reactions in parallel.
Additionally, we also explore a reaction-class-based approach
which constructs a model for seven distinct reaction classes
(see Table S1) which can take advantage of information
sharing, previously demonstrated to improve MLP perform-
ance.34 Together, this rMLP-accelerated Pynta approach
provides accurate transition state geometries for all 53
reactions at a fraction of the computational cost compared
to those of comprehensive DFT/NEB-based approaches. Our
analyses show that the Pynta-based curriculum is seven times
cheaper than using Pynta/DFT. We recognize that while
several computational methods (e.g., RPA and DFT-meta-
GGA) are more accurate than DFT-GGA, here, we use DFT-
GGA-derived energies and forces for training, as this level of
theory is typically employed to describe metal-catalyzed
reactions. While beyond the scope of this study, we note
that machine learning models have also been trained using
beyond-DFT calculations,53 which could be applied within our
workflow to improve the accuracy of the derived MKM.
Additionally, the ability to obtain transition state geometries at
a reduced computational cost can facilitate applying various
schemes for correcting DFT energies as demonstrated in the
literature.54 With the automated generation of thermochem-
istry and kinetic libraries for updating RMG, this means the
reaction network can be easily expanded to include reactions
not present in the initial reaction dataset. Our concurrent
learning scheme also facilitates using any MLP architecture.
Additionally, we demonstrate that a fine-tuned OC2039-trained
model can also accelerate the Pynta workflow. This work
underscores the importance of the synergistic coupling of
automation with MLP acceleration to enhance the accuracy
and comprehensiveness of experimentally relevant MKMs.

■ METHODS
Electronic Structure Theory. DFT calculations were

performed using the Vienna ab initio simulation package
(VASP).55 Electronic cores were represented with projector-
augmented wave pseudopotentials.56 ASE57 was used to
interface with VASP. Exchange−correlation was treated with
the RPBE functional58 with Grimme’s D3 dispersion
corrections using a Becke−Johnson damping scheme.59−61

The bulk lattice constant for Ag used for our slab was
determined in our previous study to be 3.891 Å,62 in
reasonable agreement with the experimental value of 4.079.63

An Ag(111) surface was modeled in this study using a 3 × 3 ×
4 slab, where the bottom two layers of the slab were
constrained, while the top two layers were allowed to relax.
A plane-wave energy cutoff of 500 eV is used. Ionic relaxation
steps are terminated when the forces on all of the atoms are
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less than 0.05 eV/Å. All slab calculations use a 4 × 4 × 1
Monkhorst−Pack k-point mesh64 with >10 Å vacuum spacing
between periodic images in the z direction. For slab and
adsorbate configurations, electron orbitals were smeared with a
first-order Methfessel−Paxton method with a smearing width
of 0.2 eV. Gas-phase calculations were performed in a 10 Å3

box at the gamma point by using Gaussian smearing with a
smearing width of 0.05 eV.
Model Parameters and Training. We used the DeepPot-

SE65,66 within the DeepMD-kit67 framework as the MLP
architecture. Similar to previous studies within our
group,62,68,69 we began by using a 3-layer embedding (i.e.,
16/32/64) and fitting nets (i.e., 64/64/64). The distance
cutoff radius of 6.0 Å with smoothing beginning at 5.5 Å is
used. The prefactors for the energy and force contributions to
the loss function are pestart = 0.02, pelimit = 1,
pfstart = 1000, and pflimit = 1. A standard test−train
split of 80% (training), 10% (validation), and 10% (test) is
used. We note that the model hyperparameters were not
optimized during the concurrent learning workflow. Hyper-
parameter tuning studies for the final (i.e., iteration 7) model
are discussed later in the curriculum limitations and potential
improvements sections.
Ensemble-Based Uncertainty Quantification. Sampled

configurations are selected for DFT labeling based on their
estimated model uncertainties. Similar to previous work by
us62,68,69 and others,70 we use the εt metric to quantify model
uncertainty. Here, εt for a given configuration Rt is defined by
eq 1.

R RF Fmax ( ) ( )t j w j t w j t, ,
2= (1)

where Fw,j denotes the force on the atom with index j predicted
by model w, ∥x∥ is the norm of quantity x, and ⟨x⟩ is the
expectation value of quantity x, which is approximated by the
average of the ensemble. This metric measures the maximum
standard deviation in force predictions obtained using an
ensemble of models.70 In this work, we use an ensemble of four
models that differ in the seed value used to initialize the
weights of the neural nets.
Thermochemistry and Kinetics. We included an

automated scheme in Pynta to enable the generation of
thermochemistry and kinetic libraries for updating RMG. We
leverage a prior approach developed by Blondal et al.26 to
derive enthalpies of formation of adsorbates using gas-phase
reference species with tabulated enthalpies of formation in the
Active Thermochemical Tables (ATcT).71,72 Vibrational
modes are converted to partition functions with the harmonic
oscillator approximation. For weakly bound physisorbed
species, where calculations show two or more vibrational
frequencies <100 cm−1, low frequency modes correspond to
frustrated translation and are replaced with partition functions
derived from a 2D gas model. Equations 2−5 were used for the
2D gas where m is the mass of the adsorbate and a is the
surface area per binding site of our unit cell (6.6 Å2). Rate
coefficients are calculated based on work from Campbell et
al.73 and further described by Johnson et al.48 in the original
Pynta work.

q
mk T
h

a
2

trans
B

2
i
k
jjjj

y
{
zzzz=

(2)

S R q(2 log( ))trans
trans= + (3)

H RTtrans = (4)

c Rp
trans = (5)

■ RESULTS AND DISCUSSION
Pynta-Based Training Curriculum. Figure 1 illustrates an

overview of our three-stage workflow. Stage 1, denoted as

concurrent learning, employs a Pynta-based protocol to
explore system configurations along the reaction coordinate
region and iteratively train the rMLP. The term “concurrent
learning” and its distinguishing features from pure active
learning are discussed in prior work.70 In short, active learning
leverages a set of unlabeled atomic configurations and selects
the most relevant data points for labeling. In concurrent
learning, there is no data to begin with, and data are generated
on the fly as the training proceeds. Concurrent learning can
help keep the training dataset small while ensuring the dataset
is representative enough for the intended tasks. Here, we focus
on obtaining transition states through Pynta’s comprehensive
transition state search. Next, the second stage audits these TS
configurations to ensure that the TSs obtained in stage 1
correspond to the correct elementary steps. Automation of this
step is key, as manually evaluating the set of transition states
for each reaction is extremely tedious. Finally, stage 3 refines
the audited TSs (from stage 2) with DFT. Taken together, this
curriculum provides DFT-quality reaction barriers at a fraction
of the computational cost required for Pynta/DFT studies yet
preserves the advantages of the comprehensive search aiming
to find the lowest-energy adsorbate and TS structures. Note
that the results from stage 3 are automatically converted within

Figure 1. The three stages of our Pynta/MLP workflow are shown in
(a). The concurrent learning block (b) uses Pynta to simultaneously
explore the reaction coordinate regions for all reactions. Config-
urations generated in the exploration block (gray box) are evaluated
for model uncertainty, downsampled for DFT labeling, and added to
the DFT dataset for training the next model iteration. Panel (c)
highlights the comprehensiveness of Pynta’s TS search algorithms
finding several valid transition states with energy barriers spanning
0.25 eV for the hydrogen transfer reaction from methanol to surface-
bound oxygen.
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Pynta into thermochemistry and kinetic parameters using the
approach developed by Blondal et al.26 and can be used to
generate databases for inclusion into RMG for microkinetic
modeling and further network expansion.
Concurrent Learning. Stage 1 (Figure 1a,b) utilizes our

MLP to drive Pynta’s exhaustive TS exploration module. This
exploration is leveraged to iteratively train an rMLP to learn
the reaction coordinate region for a set of input reactions. As
the details of Pynta48 are discussed in prior work, only a
cursory overview is provided here. Specifically, we first use our
MLP to drive the harmonically forced saddle point (HFSP)
method48 to generate a comprehensive set of transition state
guesses corresponding to each elementary reaction in our input
mechanism. This step is crucial, as HFSP considers all unique
site-pair combinations of the reactants or products to produce
an exhaustive list of possible TS guesses. Note that the reactant
and product geometries, a prerequisite for the HFSP algorithm,
are sourced from Pynta’s adsorbate optimization step,48 where
Pynta attempts to optimize each unique adsorbate on all
unique sites. To obtain a tractable set of transition states, we
apply Pynta’s harmonic filtering to remove overly strained
structures that are likely to be either invalid or high-energy
saddle points. For example, for the oxygen-assisted methanol
oxidation step (reaction 1 in Table S1 and the example shown
in Figure 1c), HFSP begins with 129 TS guess geometries for
the hydrogen atom transfer reaction from methanol to surface-
bound oxygen. After harmonic filtering and similarity analysis,
34 structures are retained. Figure S1 shows the number of
HFSP configurations considered for all 53 reactions (∼1,100
filtered HFSP configurations across the reaction set). The
importance of considering many possible transition state
guesses is demonstrated in the 0.25 eV range of transition state
energies determined (Figure 1c).
Each filtered transition state guess is then optimized using

our MLP to run Sella, our efficient optimizer.42−44 Sella
constructs an approximate Hessian with our MLP to optimize
the guess structures to a valid TS, i.e., first-order saddle points
on the underlying potential energy surface. If the MLP/TS is
successfully obtained, then we utilize the intrinsic reaction
coordinate (IRC) method to confirm that the MLP/TS
geometry connects the intended reactants and products. For
the purposes of this study, we augmented the Pynta workflow
with the ability to run short, 0.5 ps NVT Langevin molecular
dynamics simulations at 298 K using a 0.5 fs time step to
further expand the diversity of our dataset. Although MD
simulations are not required to obtain the transition states,
previous work from us and others has shown that MD data can
improve the quality of the resulting MLP model.68

Furthermore, since MD is performed using the MLP, there
is only an incremental increase in the required computational
cost. Specifically, MLP/MD runs are conducted starting from
harmonically filtered MLP/HFSP configurations in the initial
iterations and from Sella-refined MLP/TS configurations in
later iterations (see Figure S2).
The simulations described above comprise the exploration

block of stage 1. At each iteration of our workflow, the
explored configurations are downsampled using our ensemble-
based uncertainty metric εt (eq 1). Sampled configurations are
subsequently labeled with DFT single-point (DFT/SPE)
calculations. We employ a sampling approach which uniformly
selects configurations within a given uncertainty range (εt,min <
εt < εt,max broken into 10 bins), as detailed in the Supporting
Information, to select a diverse range of configurations that

encompass a spectrum of model uncertainty. The sampling is
also dynamic so that more configurations are labeled per bin
from reaction samplers (i.e., Sella, MD, IRC) which have a
higher max uncertainty (see Tables S2 and S3).
Transition State Auditing. The concurrent learning

algorithm outlined above generates a set of TS geometries
for each elementary step through various iterations of the
rMLP model. To ensure that these TS guesses correspond to
the correct reactions, we developed a multistep auditing
protocol (Figure 2). This TS auditing stage automatically

analyzes a set of MLP-optimized transition states based on
several criteria to confirm that the most stable (i.e., lowest
energy) and valid TS structure is used for further refinement in
stage 3. In addition to verifying that each TS has a single
imaginary frequency, we confirm that the MLP/TS connects
the intended reactants and products. Specifically, the adjacency
lists of the reactants and products supplied to Pynta are
automatically compared against the end points of the IRC.
This is done by converting these IRC end points into a two-
dimensional representation and performing a graph iso-
morphism test with the Pynta input. This tool was built
upon previous tools developed to study coverage depend-
ence74 within Pynta. An example of the TS auditing algorithm
is provided in Supporting Information (Figure S3). We sort the
final set of valid MLP/TSs by energy using a DFT single-point
energy calculation. In this work, the minimum energy valid

Figure 2. Overview of stage 2 and stage 3, the transition state auditing
and refinement workflow. Each candidate MLP/TS for a given
reaction is evaluated based upon MLP/vib and MLP/IRC. Following
evaluation, the set of valid TSs is evaluated with DFT/SPE and sorted
by DFT energy. The minimum energy valid TS moves on to stage 3
DFT refinement.
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MLP/TS is selected for further DFT refinement. We note that
accurate selection of the minimum energy TS requires that the
MLP predictions are sufficiently accurate. Depending on the
model accuracy obtained through concurrent learning, addi-
tional transition state structures can be selected for refinement
to confidently identify the minimum energy TS configuration.
As will be discussed in subsequent sections, we completed 7
iterations of concurrent learning before moving to transition
state auditing and refinement.
Transition State Refinement. Stage 3 is important to

ensure that we maintain the DFT-level accuracy. As
demonstrated below, this three-stage workflow effectively
circumvents the most computationally expensive steps of the
original Pynta/DFT workflow, delivering DFT-quality results
faster. After auditing, stage 3 uses a relatively quick DFT/
dimer75 calculation to optimize the MLP/TS to a DFT saddle
point. If DFT/dimer proves unsuccessful, we then use DFT/
Sella. The resulting DFT/TSs are confirmed through
automated DFT-vibrational analysis.
Model Performance. We implemented the above work-

flow to investigate the partial oxidation of methanol over a
Ag(111) catalyst. We initialized our workflow using a
DeepMD-kit model66,67,70 previously trained to study
adsorbate diffusion on Ag(111).62 Beyond this iteration 0
model (denoted as DP0), the inputs to the rMLP curriculum
include (a) a predefined set of elementary reactions and (b)
the corresponding DFT-optimized Ag(111) slab and adsorbate
configurations generated by Pynta. Our reaction set is the 53
elementary reactions (Table S1) previously described by
Aljama et al.,28 which encompasses a diverse range of
chemistry, including more than 20 unique surface-bound
species, thus presenting a significant challenge to test the
efficacy of our curriculum. To evaluate the accuracy and
computational cost of our approach, we also calculated a set of
23 reaction barriers using Pynta/DFT only. The computational
costs associated with a few DFT-only studies are summarized
in Table S4.

The workflow in Figure 1 was employed in seven concurrent
learning iterations to sample configurations along the reaction
coordinate regions in parallel for a set of 53 reactions. The
resulting iteration 7 model (denoted as DP7) has been trained
on a total of 26,483 DFT-labeled HFSP, Sella, IRC, and MD
configurations. A detailed breakdown of the training data set is
presented in Figure S2 and the training data is available as an
ase database in the GitHub repository provided in the
Supporting Information.
Figure 3a illustrates the model uncertainties across the entire

DFT data set for all 53 reactions obtained over seven
concurrent training iterations. In this analysis, we focus on
configurations with a maximum force on each atom below 2
eV/Å, as these are more likely to yield valid transition state
geometries. Notably, while the median values of εt drop rapidly
to below 0.5 eV/Å after the very first iteration, the tails of the
distributions at higher εt values decrease at a more gradual rate.
Specifically, we observe a significant reduction in our

model’s uncertainty for HSFP configurations (Figure 3b)
compared to those for Sella (Figure 3c), IRC (Figure 3d), and
MD (Figure S4). This reduction can be attributed to two main
factors: (1) all HFSP configurations until iteration 2 are
labeled using DFT and (2) the harmonic potentials used to
generate the HFSP configurations result in configurations that
are relatively consistent throughout the training process.
Utilizing all HFSP configurations for DFT labeling in the
early model iterations is particularly advantageous, as Sella, our
TS optimizer, relies on finite differences to generate
approximate Hessians to optimize HFSP TS guesses to a
first-order saddle point.
In contrast to the favorable trends observed for HFSP

configurations, those derived from Sella and IRC config-
urations exhibit greater diversity and show slow yet consistent
improvements over the seven training iterations. Specifically,
several additional iterations are needed to reduce the outliers
at higher εt values to below 1.0 eV/Å for the Sella trajectories.
A detailed investigation into this issue reveals that some

Figure 3. Model uncertainties εt for each model DPi, i = 1,..., 7 on the entire data set generated over 7 training iterations in the concurrent learning
loop.
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configurations remain challenging to describe even with the
DP7 model. These problematic configurations often arise from
unphysical HFSP guesses, which can persist during the training
protocol. Recently, overcoming this issue has been explored
using improved HFSP algorithms to obtain more accurate TS
guesses.76

After seven training iterations, the DP7 model generated
valid MLP/TSs for 51 of the 53 reactions. While transition
states for two reactions (i.e., reactions 19 and 53) were not
obtained using DP7, surprisingly, we found that previous model
iterations were successful for these two cases. Furthermore,
four reactions (Rxns 8, 12, 19, and 27) failed at the DFT-
refinement step, representing a 10% failure rate across the
entire workflow. The underlying cause for these failed
reactions is discussed later.
In Figure 4, we compare the energetics of our rMLP-

calculated barriers to our validation set of 23 Pynta-DFT

barriers. We generally observe that the pre-refined energy
barriers (green) are slightly higher than the Pynta/DFT (red)
ground truth. Indeed, the mean-absolute errors (MAE) reduce
from 0.17 eV (prerefinement) to 0.03 eV after stage 3
refinement across the 23 validation reactions.
Before proceeding further, it is useful to discuss the

computational cost associated with this approach. Overall we
obtain a 7× speedup compared to base Pynta for the set of 53
reactions. A complete accounting of the computational expense
is provided in the Supporting Information (Table S5). One key
metric for model performance is the inference time, which is
the amount of time needed for the MLP to predict the energy
and forces on a new atomic configuration. A benefit of our
model is that fast inference times (on the order of milliseconds
on a single CPU node) enable the Pynta workflow to be
completed in just a few hours and can allow the model to be
used for subsequent dynamic studies. Also, despite the
relatively large size of our DFT data set, we are able to train
our model in less than 8 h on a single CPU node on the
NERSC Perlmutter machine (2× AMD EPYC 7763).
Achieving DFT accuracy for transition states with this level
of speedup facilitates larger-scale studies than were previously
feasible due to computational constraints. We note that even
greater speedups are possible, and we will discuss potential
improvements to this workflow in subsequent sections.
Curriculum Limitations and Potential Improvements.

At this point, we turn our attention back to the model
shortcomings identified previously. Specifically, we focus on
understanding (1) why earlier model iterations are sometimes
better at finding certain MLP/TSs and (2) why does the DFT-
refinement step fail for certain reactions?
To understand the model degradation observed for reactions

19 and 53, we analyzed the trends in model performance for 53
reactions across the seven concurring learning iterations. We
observed that although the total model uncertainty consistently
improves (Figure 3) during the training protocol, the model
performance for some reactions shows interesting trends. For
instance, O2 dissociation, as shown in Figure 5, exhibits
decreasing uncertainties until iteration three, after which the

Figure 4. Comparison of activation energies, Ea, from pure DFT-
Pynta (red), pre-refined minimum energy MLP/TS + DFT/SPE
(green), and post-refined MLP/TS + DFT/refinement (blue).

Figure 5. Model uncertainties εt for each model DPi, i = 1,..., 7 on the configurations sampled for reaction 53, O2 + * + * ⇄ O* + O*, over seven
training iterations in the concurrent learning loop.
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uncertainty worsens across all samplers (Figure 5a−d). As a
consequence, the DP3 model successfully identified an MLP/
TS that was successfully refined using DFT. In contrast, the
DP7 model did not yield a valid MLP/TS for O2 dissociation.
This observation underscores a key limitation of the parallel

training approach when it is combined with an adaptive
sampling scheme. Specifically, while the DP3 model success-
fully captures the relevant portion of the reaction coordinate
for O2 dissociation, the adaptive sampling scheme induces an
on-the-fly data bias as configurations relevant to this reaction
are sampled less as the uncertainty decreased (see Figure S6).
This issue is further exacerbated for the dissociation of the O2
bond, as the reaction network does not contain any other O−
O bond formation reactions. While not discussed here, similar
trends are observed for reaction 19 (Figure S7).
Building on the above understanding regarding stage 2

failures, we now investigate four reactions that failed during the
DFT refinement in stage 3. Hypothesizing that suboptimal
model fitting of the DFT data could be a possible cause, we
first used hyperparameter optimization to improve the model
performance. Specifically, in addition to exploring different
sizes of the fitting and embedding nets,68 we created two
different models with varying values of key hyperparameters
(Tables S7 and S8).77 Although this approach reduced the
mean squared error for forces on the training data from 0.018
to 0.013 eV/Å, the hyperparameter-optimized model still failed
during the DFT-refinement stage for all four reactions. Thus,
this suggests that similar to the above total model analysis, data
bias could also be a contributing factor to these failures.
To circumvent this challenge, we explored a reaction-class-

based training strategy that categorized the 53 reactions into
multiple distinct groups based on the types of bonds being
broken. This categorization resulted in seven different models
(N.B.: not to be confused with the seven previous model
iterations), each corresponding to a specific category of
transition state (Figure 6a). We note here that there are
many possible rules that could have been applied to demarcate
different reaction classes. Exploration of the optimal
classification scheme is outside the scope of this current
work. However, the underlying philosophy of information
being shared across different reactions (within a given class)
will likely be helpful for developing accurate MLPs on diverse
reaction networks. We believe that our classification scheme is
simple and generalizable to other catalytic systems and

additional heuristics can be applied for potential edge cases
where the rules do not uniquely classify a reaction. Each model
was trained with the base data set from the DP0 model, along
with all data generated from Pynta for each reaction class over
the 7 concurrent learning iterations from the total model
approach. Compared with the total model approach discussed
above, the reaction-class strategy successfully identified
transition states (TS) for all 53 reactions, both before and
after DFT refinement. As shown in Figure 6b, the mean
absolute error (MAE) for pre-refinement TSs was 0.11 eV,
which improved to 0.03 eV after post-refinement. Additionally,
the reaction class models exhibited lower mean absolute errors
on force predictions when compared with the total model,
even after hyperparameter tuning of the latter. The vibrational
frequencies of the minimum energy transition states are
provided for reference in Table S9. We gain additional insights
when investigating the reactions that failed DFT refinement in
our total approach but were successful in the reaction class
approach. As shown in Figure S8, the reaction class approach
obtained lower model uncertainties and DFT-residual forces
compared to the total model approach in most cases.
As this reaction class approach provides a comprehensive

exploration of all transition state geometries, we now compare
the results of this automated workflow with those of previous
studies in the literature. Specifically, previous work by Aljama
et al.28 has reported the free energy diagram of the minimum
energy pathway (MEP) connecting methanol (i.e., the
reactant) to the desired product (i.e., formaldehyde). Figure
7 compares these literature results to our MEP obtained using
the DFT-refined transition states from our reaction class
model. In general, we observe that the energy barriers obtained
using the Pynta curriculum are as much as 0.4 eV lower than
those from Aljama et al.28 While differences in the DFT
functional of choice (i.e., RPBE-D3 vs BEEF-vdW)78,79

between the two studies could explain some of the differences,
these results demonstrate the importance of obtaining the
lowest-energy transition states. We note that comparing our
optimized geometries with those of Aljama et al. was not
possible, since the transition state geometries for their
calculations were not reported.
Generalization to Large Pretrained Models. As an

alternative acceleration approach to our concurrent learning
strategy for training a system-specific model, we explore the
use of a large pretrained OC2039 model. We focus on the

Figure 6. Description of reaction class categories and associated number of reactions in panel (a). Parity plot of MLP and DFT reaction barriers in
panel (b).
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EquiformerV240 model, which has demonstrated exceptional
performance on the OC20 data set and has recently excelled in
transition state optimization41 and Hessian calculations.45

Initial tests with the pretrained EquiformerV2 models (eq
31M and eq 153M parameters) indicated a need for fine-
tuning due to differences in DFT parameters used for
optimizing our adsorbates and slab compared to the ones to
which the original model was fit, particularly the inclusion of
van der Waals corrections59,61 (see Figures S9−S12). The
motivation behind the inclusion of such long-range corrections
comes from many works demonstrating poor description of
physisorbed species with RPBE78,80 and the enhanced
description with D3 corrections.79 We fine-tuned the eq
31M and eq 153M models on 15,234 DFT/SPEs generated in
the study of adsorbate diffusion on Ag(111) from our base DP0
model.62 Details of our train−test−validation split are provided
in Supporting Information. Given the similar performance and
faster inference time of the eq 31M model on our test
reaction, we ran Pynta with the eq 31M model on our 53
reactions. After MLP auditing, we identified 47 valid MLP/
TSs. The maximum residual forces (Figure S13) for the OCP
model align closely with those from the reaction class
approach, suggesting that these transition states would succeed
during DFT refinement. However, since we have already
obtained these transition states, further refinement was not
conducted. Figure 8 shows that when compared to the DFT-
calculated barriers, the tuned eq 31 M model achieves great
parity with DFT. When investigating the five reactions for
which we failed to find an MLP/TS with the eq 31M model,
we found that many Sella saddle-point optimizations failed to
converge due to an inability of the model to continuously
reduce the forces. Recent work has suggested that fine-tuning
of the OCP model on finite-difference data can improve the
model’s accuracy in calculating Hessians. The OC2039 data set
only included optimizations where step sizes are much larger
than what is required to calculate Hessians, so the inclusion of
data points with small displacements could help the model
capture the curvature information on the PES. While further
DFT refinement and fine-tuning of the OCP approach is
outside the scope of this study, these encouraging results
motivate the advantages of combining Pynta with pretrained
models including those based on equivariant architectures.

Comparison of Various Approaches. Table 1 shows the
results of the various model approaches used in this study. The

reaction class model achieved a 7× speedup compared to the
base Pynta/DFT approach and was successful for all reactions
pre- and post-refinement. We did include a computational
expense for the eq 31M model, although we did not proceed
with DFT refinement of these transition states. Without DFT
refinement, the eq 31M model achieved a 20× speedup with
an 89% success rate. Both approaches have advantages and
disadvantages as discussed previously. While large pretrained
models can provide greater acceleration for optimization tasks,
the inference time for these models is several orders of
magnitude slower than smaller, system-specific models. There
is a trade-off in initial acceleration and extensibility to explore
system dynamics, and future work should investigate options
for leveraging both model types. Overall our results
demonstrate the considerable speedup in Pynta’s comprehen-
sive TS exploration that can be achieved using our concurrent
learning loop or fine-tuning of a pretrained MLP.

■ CONCLUSIONS
This work demonstrates how Pynta, an automated kinetics
workflow tool, can be combined with reactive machine learning

Figure 7. Minimum free energy diagram of formaldehyde synthesis
from methanol partial oxidation on Ag(111).

Figure 8. Parity plot of MLP and DFT-reaction barriers using a fine-
tuned OC20-pretrained EquiformerV2 31 M model.

Table 1. Results of DFT TS Refinement for Each Approach

approach

number of
valid

MLP-TS
number of valid
DFT-refined TS

computational
expense (totala)

total model (1) 53 49 3503
reaction class models
(7)

53 53 3569

EquiformerV2-31Mb 47 - 1092
DFT-only Pyntac - - 25,007
aTotal time (CPU hours) utilized on a single CPU node on a
Perlmutter machine (2× AMD EPYC 7763). bInitially trained for
S2EF-OC20-All + MD. cThe computational cost for a few Pynta-DFT
reactions is shown in Table S4.
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potentials (rMLPs) to accelerate the calculation of reaction
barriers and transition state geometries for several surface-
mediated reactions, simultaneously. Specifically, by using the
industrially relevant process of methanol partial oxidation
catalyzed by Ag(111) as an example, we showcase an
automated concurrent learning protocol to train a system-
specific rMLP on a diverse set of 53 reactions. The total model
obtained a 92% success rate, but investigations into the failed
reactions revealed that data bias may have resulted in model
degradation. Next, to overcome these limitations, we used a
reaction class approach that outperformed the total model
approach, and we obtained valid transition states from the
entire set of 53 reactions. By comparing these results with a
pure Pynta/DFT strategy, we show that our reaction class
approach is seven times faster and finds essentially identical
activation barriers. We note that the accuracy of the overall
kinetics predicted by using this workflow depends on the
reliability of the activation energies calculated for the rate-
determining step. Careful analysis of specific reactions is
required during model training. Depending on the model
accuracy achieved, additional transition states should be
considered for DFT refinement to ensure that the minimum
energy transition state is obtained for the kinetically relevant
reactions. Finally, we show that Pynta can be accelerated with a
fine-tuned foundational model. Specifically, we demonstrate
that fine-tuning the OC20 pretrained EquiformerV2 (eq
31M) model results in an 89% success rate and achieves
excellent parity with our validation set of reaction barriers
(MAE = 0.05 eV) without further transition state refinement.
The pretrained model also achieves an impressive 20×
speedup. All of the tools developed in this work are now
available for use with Pynta, which can aid in accelerating the
exploration of minimum energy pathways relevant to
generating kinetic models for surface-mediated reactions.
Automatic generation of thermochemistry and kinetic
parameters for use in the RMG can enable further reaction
expansion. Current work in the group is focused on exploring
strategies to overcome data bias issues, generalizing Pynta-
based curricula to other rMLP architectures, and expanding
these tools to describe other catalysts.
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